The federal Head Start program funds public preschools for eligible low-income families. In so doing it aims to raise educational attainment levels and narrow educational inequalities. Existing research demonstrates that Head Start has short run positive impacts on cognitive outcomes that fade out for many groups by elementary school (e.g., Currie & Thomas (1995) ). However, there appear to be some lasting positive impacts of Head Start on educational and other outcomes (Deming (2009); Garces, Currie & Thomas (2002); Ludwig & Miller (2007) ). In this study, we provide the first comprehensive analysis of the distributional effects of Head Start. We do so using the first national randomized experiment of the program (the Head Start Impact Study). We examine effects on cognitive and non-cognitive outcomes and explore the heterogeneous effects of the program through 1st grade by estimating quantile treatment effects and various types of subgroup mean treatment effects. We find that an offer of a Head Start slot leads to large and statistically significant gains in cognitive skills in the preschool period. However, once the children enter school, the cognitive gains fade out. Importantly, we find that some groups-including Spanish speakers or those entering preschool with low baseline scores-have cognitive gains that persist through 1st grade. We find little effect of an offer of a Head Start slot on non-cognitive outcomes. Our results provide strong evidence in favor of a compensatory model of educational process in this context.
Introduction
Created in 1965, the federal Head Start program is among the more prominent educational initiatives in the US. By giving matching grants to programs providing comprehensive early education, health care, and nutritional services to poor children; and parenting training to their parents; Head Start aims to raise educational attainment levels and narrow educational inequalities. Head Start now enrolls more than 900,000 children and has an annual operating budget of nearly $7 billion (US DHHS, Office of Head Start 2008).
Head Start and other efforts to expand preschool education are predicated on the notion that the positive effects that educational interventions have on young children multiply across their life course (Cunha, Heckman, Lochner & Masterov (2006) ; Heckman (2006) , Heckman (2007) ). For example, Knudsen, Heckman, Cameron & Shonkoff (2006) summarize research across various fields (economics, neurobiology, and developmental psychology), concluding that early experiences are key to later development, and that early in life is the most promising period for investments in disadvantaged children, where such investments will have high rates of return. Experimental data from the Perry Preschool program, the Abecedarian Project, and the Chicago Child-Parent Centers lend credence to this argument, demonstrating that early education programs can have positive effects on participants' academic achievement and attainment (Barnett (1996) Campbell & Ramey (1995); Currie (2001) ; Schweinhart, Barnes & Weikart (1993) ).
Decades of research have documented that Head Start generates important and statistically significant impacts on cognitive outcomes (e.g., see Currie & Thomas (1995) and the review in Currie (2001) ). However, concerns about the 'fadeout' of Head Start's impact on cognitive test scores appeared early in the program history, and evidence of fade-out has been shown in more recent cohorts (e.g., Currie & Thomas (1995) ). Interestingly, despite this documented fade-out, other work shows positive longer-term impacts of Head Start on educational attainment and young adult outcomes (Garces et al. (2002) , Ludwig & Miller (2007) , Deming (2009) ).
In this study, we provide the first comprehensive analysis of the distributional effects of Head Start. In particular, we use quantile treatment effects and estimate the effect of Head Start on the distribution of cognitive and noncognitive outcomes. We augment this with various overall and subgroup mean treatment effect estimates. Our analysis is based on data from the Head Start Impact Study, a randomized control trial that follows nearly 5,000 children in two cohorts-three and four years old at the time of Head Start applicationthrough first grade, collecting detailed outcomes on academic and social-emotional measures.
Our analysis makes three contributions. First, by moving beyond the analysis of mean impacts, we can test two competing hypotheses concerning how Head Start impacts vary across the skill distribution. Observational studies indicate that low-achieving children stand to gain the most by enrolling in early education (Manguson, Meyers, Ruhm & Waldfogel (2004) ; NICHD Early Child Care Research Network (2004) ). This effect may be particularly pronounced in the context of Head Start, since the program's curricula are explicitly geared toward both remedying the skills' deficits that often disadvantage poor students at the beginning of elementary school and improving the parenting practices of their parents (Puma, Bell, Cook, Heid & Lopez (2005) ). On the other hand, research on learning trajectories in elementary school and beyond indicates that since academic skills are cumulative, achievement inequalities tend to widen as children progress through school (Stanovich (1986) ). Applied to early education, this suggests that students who have basic language and numeric competencies are more able to participate fully in the Head Start curriculum than their academically or developmentally-delayed peers. Thus, our analysis will test the 'compensatory' hypothesis (predicting largest gains at the bottom of the skill distribution) against the 'skills-begets-skills' hypothesis (predicting largest gains at the top of the skill distribution).
Second, recent evidence suggests that varying educational interventions such as smaller class sizes (Dynarski, Hyman & Schanzenbach (2011) ), intensive preschools (Heckman, Moon, Pinto, Savelyev & Yavitz (2010) , Anderson (2008) , Schweinhart, Montie, Xiang, Barnett, Belfield & Nores (2005) ), and Head Start show a 'fade-out' in cognitive test scores yet yield significant positive longer-term educational and other young adult outcomes. It may be that by focusing on the mean impacts of cognitive outcomes, we have missed some persistent positive effects of test scores. Third, we provide new evidence on the impacts on non-cognitive outcomes, which are a potential channel for the already documented positive longer-term outcomes (Heckman (2007) , Garces et al. (2002) ).
The Head Start Impact Study, mandated by Congress in 1998, is the first national randomized evaluation of the Head Start program. The study is designed to determine "the impact of Head Start on children's school readiness and parental practices" as well as "under what circumstances Head Start achieves its greatest impact and for which children" (Puma et al. (2005) ). The study randomized children applying to oversubscribed Head Start centers for the first time to either an offer of a slot or denial of a slot for one year. These data follow cohorts of children who started out being 3-or 4-years old through first grade, collecting detailed outcomes on academic and social-emotional measures.
In this paper, we use the 3-year old cohort and richly examine the impacts of an offer of Head Start slot on cognitive and non-cognitive outcomes. We comprehensively explore the heterogeneity of effects from the first year of preschool through 1st grade, using quantile treatment effects as well as mean treatment effects for subgroups. We examine cognitive tests such as the Peabody Picture Vocabulary Test (PPVT), as well as various measures from the Woodcock Johnson III battery of achievement tests. We also take advantage of the various non-cognitive scores; for example, teacher reports of child behavior using the Adjustment Scales for Preschool Intervention (ASPI).
We find that the offer of a Head Start slot leads to large and statistically significant gains in cognitive skills in the preschool period. However, once the children enter school, the cognitive gains fade out. Importantly, we find that some groups-including Spanish speakers or those entering preschool with low baseline scores-have cognitive gains that persist through 1st grade. We find little effect on an offer of Head Start non-cognitive outcomes.
The remainder of our paper proceeds as follows. We begin in section 2 by discussing the literature and theoretical setting for our problem. In section 3, we discuss the HSIS experiment, HSIS data, and our sample. In section 4, we present the mean treatment effects, and in section 5, we discuss the methods. Our main results are in section 6. We provide a discussion in section 7 and conclude in section 8.
Background and Context

Effects of Head Start
Although Head Start has been extensively evaluated over its nearly 50 years of existence, evidence regarding its effectiveness is mixed. It is well established that children enrolled in Head Start experience increases in cognitive outcomes (see the review by Currie (2001) ).
However, it is less clear how long those test score gains persist. For example, Currie & Thomas (1995) , using a within-family, sibling-comparisons research design, find that African American participants experience fade out in test score gains while still in elementary grades.
They show that white participant gains persist into adolescence.
More recently, focus has turned to longer-term impacts of Head Start. Three quasiexperimental studies indicate that Head Start has positive long-term effects. Ludwig & Miller (2007) use a regression discontinuity approach to estimate long-term Head Start effects. In 1965, the federal Office of Economic Opportunity provided technical assistance in writing grants for the first round of Head Start programs to the 300 counties with the highest poverty rates in the U.S. This offer resulted in a sharp discontinuity in Head Start funding between counties that qualified for application assistance and similarly poor counties that did not qualify. Exploiting this discontinuity, Ludwig & Miller (2007) find that an increase from 50% to 100% in Head Start funding decreases child mortality by nearly 50%, increases youth educational attainment by approximately half a year, and increases college attendance rates. Ludwig & Miller (2007) find little evidence to suggest that Head Start effects vary by race. Garces et al. (2002) out, he also finds that program participation has a positive long-term effect on young adults' life chances (measured as an index that includes high school completion, college attendance, idleness, crime, teen pregnancy, and self-reported health status). Deming (2009) finds that the short-term cognitive effects of Head Start are more pronounced and positive for blacks than whites. Further, in contrast to Garces et al. (2002) , he finds no evidence to suggest that Head Start's long-term effects vary by race.
Taken together, these studies complement earlier research indicating that early childhood education programs for poor children have substantial positive effects across the life course (Schweinhart et al. (1993) ; Belfield, Nores, Barnett & Schweinhart (2006) ; Masse & Barnett (2007) ). However, both the internal and external validity of these studies are limited in important ways. The extent to which the Ludwig & Miller's (2007) findings generalize is unclear, since their analyses are based on discontinuities in Head Start funding among very poor counties in 1965. For the Garces et al. (2002) and Deming (2009) studies, important questions exist about why families might send one sibling to Head Start and not another and the extent to which this selection process might bias estimates of the effects of Head Start.
Still to come: add additional cites.
Theoretical Expectations and Heterogeneity Elsewhere in Social and Educational Policy
To date, analyses of the HSIS data have focused primarily on the program's mean effects across the entire treatment population. But these mean effects may hide heterogeneity in Head Start effects across the distribution of student achievement and socio-emotional outcomes. In this study, by moving beyond the analysis of mean impacts, we can test two competing hypotheses concerning how Head Start impacts vary across the skill distribution.
Observational studies indicate that low-achieving children stand to gain the most by enrolling in early education (Manguson et al. (2004) ; NICHD Early Child Care Research Network (2004)) and this effect may be particularly pronounced in the context of Head Start. Head Start has traditionally focused particular attention on preparing the most disadvantaged students for school entry. This focus may lead Head Start programs to emphasize the most basic cognitive skills. The performance standards that Congress articulated for Head Start in its 1998 reauthorization speak to this curricular emphasis, calling on the program to ensure that all students recognize a word as a unit of print and can identify at least 10 letters (DHHS ACF (2003) ). While Head Start is a highly decentralized program and does not have a single coordinated curriculum, these performance standards were widely publicized within the program, and may have influenced instructional priorities (DHHS ACF (2000)).
Similarly, the Head Start's mission of serving "at-risk" youth may lead Head Start programs to dedicate particular attention to the most socially and emotionally troubled children.
On the other hand, research on learning trajectories in elementary school and beyond indicates that since academic skills are cumulative, achievement inequalities tend to widen as children progress through school (Stanovich (1986) ). Applied to early education, this suggests that students who have basic language and numeric competencies are likely more able to participate fully in the Head Start curriculum than their academically or developmentallydelayed peers. Thus, our analysis will test the 'compensatory' hypothesis (predicting that the largest gains will accrue at the bottom of the skill distribution) against the 'skillsbegets-skills' hypothesis (predicting that the largest gains will appear at the top of the skill distribution).
The final HSIS provides some evidence on potential heterogeneous effects of Head Start. Puma, Bell, Cook & Heid (2010) report that the offer of a Head Start slot had greater positive short-term effects for students with special needs, for students who entered into the program with very low cognitive skills, and for black students and English-language learners.
While the program effects for black students and English language learners typically decayed by the end of Kindergarten, Puma et al. (2010) find some evidence to suggest that effects of Head Start program offers for special-needs and low-performing students persist through the first grade.
Still to come: summary from other settings.
Head Start Impact Study and Data
In this section, we describe the HSIS experiment and the results of the HHS funded evaluation. We also describe the public use data, our sample, and conduct tests of randomization.
The HSIS Experiment and Evaluation
The HSIS grew out of a Congressional mandate as part of the 1998 re-authorization of Head Start. The study sample consists of nearly 5,000 new applicants to oversubscribed Head Start centers in a nationally representative sample of oversubscribed locations within 84 programs across the U.S. With some exceptions to account for participation in other evaluations, all over-subscribed centers were at risk of inclusion. Severely disabled children were excluded, but in the fall of 2002, the other applicants were randomly assigned to a treatment group that received an offer to enroll in the Head Start center of application and a control group that did not.
The HSIS consists of two age cohorts: 3-year-olds and 4-year olds. The experiment was intended to determine the effects of one year of Head Start. Most children in the 4-year old cohort would be expected to transition to Kindergarten in year two and the 3-year old cohort would largely have been expected to have another year of HS before entering Kindergarten (if they got in). While many 3-year olds in the treatment arm would have been expected to continue in Head Start, this is not an explicit component of the experimental treatment, and indeed many control children also attended HS at age 4 while some treatment children left Head Start.
The evaluation of the HSIS is expected to analyze data for children through grade 5. As of this writing, the HHS-funded evaluation has released final reports on outcomes through grade 1 (Puma et al. (2010) ), and more recently through grade 3 (Puma, Bell, Cook, Heid, Broene, Jenkins, Mashburn & Downer (2012) ). As described below, in our analysis we use the most up-to-date public release of the data, which includes outcomes through grade 1.
The reports on the HSIS show modest positive mean effects on students' cognitive development. At the end of the evaluation's first year, both 3-year-olds and 4-year-olds in the treatment group scored between 0.10 and 0.30 standard deviations higher than did their peers in the control group on a wide range of cognitive tests. However, the HSIS data indicate that most of the cognitive effects of Head Start placement offers decay as students move out of the program and into elementary school. In contrast, there is not consistent evidence for any effects of the offer of a Head Start slot on socio-emotional (non-cognitive) outcomes.
Most impacts on the non-cognitive outcomes are small and statistically insignificant. Overall, any positive socio-emotional effects were limited to parent reports for the 3-year old cohort; for example parents of 3-year olds offered the Head Start slot reported closer and more positive relationships with their children at the end of 1st grade than did parents in the control group (Puma et al. (2010) ). The teacher reports, which are available for all children in Kindergarten (they are not asked outside of center care), show no significant effects of Head Start on socio-emotional outcomes.
As is common for this type of intervention, in the HSIS the offer of treatment did not translate one-for-one into Head Start participation. In particular, there were "no shows"
(those who did not participate in HS despite being offered the slot) as well as "crossovers" 
Sample, Means, and Balance Tests
We limit our analysis in this paper to data from the 3-year cohort. The main reason for doing so is that, as stated above, eligibility for inclusion in the experiment required children to be first time applicants to the Head Start program. Since the program serves children during the two years prior to Kindergarten, this restriction was not limiting for 3-year olds.
However, limiting the sample in this way for 4-year olds may lead to external validity concerns without more information on why these 4-year olds have not participated in HS in the past.
As might be expected, we find the 4-year old cohort to be potentially more disadvantaged compared to the 3-year old cohort, with a higher share of children living in Spanish speaking households and living with lower educated mothers. Perhaps more relevant given the current policy setting, increasingly 4-year olds have many other options besides Head Start while it is still an important source of preschool for 3-year olds and this is likely to stay the case even if the administrations' preschool for all program is implemented (Cascio & Schanzenbach (Forthcoming) ).
The 3-year old sample consists of 2449 children, with 1464 in the treatment arm and 985 in the control arm. There are a variety of sampling and non-response weights available; we use the baseline weights which we augment in order to balance non-response as discussed below.
1
Randomization occurred in the summer and fall of 2002, and we use the most recent version of the public-use data, which include outcomes through Grade 1. In our analysis, we refer to the main intervention year for our 3-year olds as the "Head Start year", which is followed by the "Age-4 year", Kindergarten year, and first grade year. (Thus, these labels 1 The baseline weights adjust for the complex sampling. The HSIS also makes available non-response adjusted weights, however, we do not make use of these adjustments. Our bootstrapping inference procedure requires that we be able to replicate the process of obtaining our inverse propensity-score adjusted weights to adjust for baseline test scores and demographics. More detail on this is given below.
refer to the normative outcome for the children in each year.) The HSIS data consist of the results of interviews with parents, teachers, and center directors, and cognitive and social emotional tests. Importantly, we can make use of baseline data from parent interviews as well as baseline tests given to the children in the Fall of 2002. Table 1 summarizes the cognitive and non-cognitive measures that we use, as well as the years during which they are available. For cognitive outcomes, the tests we focus on examined language and literacy through tests of vocabulary, oral comprehension, pre-writing, and prereading as well as testing early numeracy and math skills. Among these tests, we primarily use the Peabody Picture Vocabulary Test (PPVT) for vocabulary knowledge and receptive language which is available at baseline and each year through Grade 1.
2 We also use a number of the Woodcock Johnson III battery of achievement tests. In particular, we use the WJ III measures of Pre-Academic Skills (a composite index measuring language and literacy)
and Applied Problems (a composite index measuring math skills), which are available for the Head Start Year and through Grade 1.
3 Socio-emotional outcomes include parents' reports of child behavior and parent and child relationships as well as teachers' reports of children's classroom behavior. Parent-reported measures are provided each year while teachers' reports only become uniformly available (in theory) during the Kindergarten year. Socio-emotional skills are measured using the Pianta scale (Pianta (1992) , Pianta (1996) ) as well as using the Adjustment Scales for Preschool Intervention (ASPI). Each of these measures are indices of answers constructed from a series of questions to the teacher or parent, sometimes counting affirmative answers (ASPI) and sometimes counting responses on a five-point Likert scale (Pianta) . Table 2 reports summary statistics for child, parent, and caregiver variables at baseline (Fall 2002) . The first column reports means for the control group, weighted using the baseline weights. As expected given their eligibility for and application to Head Start, these children (and their treatment group counterparts) are fairly disadvantaged. A little less than half of 2 English test takers were administered the PPVT III, while Spanish speakers were administered both the PPVT III if they had sufficient English as well as the Test de Vocabilario en Imagenes Peabody. A very small number (67) of the children were not eligible for the PPVT III in English, the vast bulk of the Spanish speakers took this test in English. Thus, the PPVT is a useful pre-test for some outcomes given its score is available for almost all children.
3 Some of the other WJIII tests included on the survey are not very continuously distributed and perhaps less suitable for our distributional methods. We have, however, examined many of them.
these 3-year olds are living with both biological parents. These 3-year olds are about evenly split across race/ethnic groups, with about 1/3 being non-Hispanic black, 1/3 being nonHispanic white or other, and 1/3 being Hispanic. A little more than a quarter either took some tests in Spanish or speak Spanish at home (labeled "Spanish speaker" in the table).
The bulk of the children have mothers or caregivers with at most a high school diploma or a GED, about 42% have mothers who were never married, and 26% are in medium or high risk families.
4 Also reflecting Head Start eligibility criteria, 11% of the 3-year olds are special needs.
As shown in the bottom of the table, the timing and presence of the baseline test assessment varied across children. Recall that these baseline tests were administered during the Fall of 2002. Unfortunately, it was infeasible to administer these pre-tests to all children before Fall 2002 and thus the assessments for many children took place during the school year. In addition, a further complication is that children were assessed in different months (and thus likely at different developmental points). Table 2 shows that about a quarter of the control sample children were assessed before November, a third were assessed in November, another quarter were assessed after November, and 21% have no baseline score. The children with missing baseline tests had their test scores (and other subgroup variables) imputed so these pre-tests could be included in later year analyses.
5
The second column provides the difference in means of the variables between the treatment and control groups (using the baseline weights, thus it is labeled "unadjusted difference"). Consistent with the random assignment, almost none of the demographic characteristics are significantly different between the treatment and control (20 of the 25 variables are not statistically different at the 5% level), with these measures collected mostly at baseline.
The results show that the treatment group contains statistically significantly lower shares of whites and those born to teen mothers, higher shares with special needs, and lower shares of children with caregivers aged 20-24.
4 Household risk is assessed by the number of affirmative reports at baseline to the following five conditions: receipt of TANF or Food Stamps, neither parent has high school diploma or a GED, neither parent is employed or in school, the child's biological mother/caregiver is a single parent, and the child's biological mother was age 19 or younger when child was born. Children with 0-2 risk factors are assigned to be low risk, those with 3 risk factors are assigned moderate risk, and those with 4-5 are denoted high risk.
5 We have explored also treating these pre-tests as partial post-tests and excluding them from our propensity score weights. This makes little difference for our findings.
Perhaps of more concern is the fact that the timing and presence of baseline test assessments varies significantly between the treatment and control groups. The results show that children in the treatment group were somewhat more likely to be assessed earlier than the treatment children (before November) while those in the control were 13% less likely to be assessed at all and more likely to be assessed later (if they were assessed). The control group's later test assessment will, if anything, be expected to lead to a downward bias in the estimated effects of Head Start. However, to account for the differences in the month of test assessment, as well as the other observables, in our results throughout the paper, we construct a weight that adjusts for the difference in selection into the sample (attrition). This is discussed below.
Weighting and Adjusting for Observables
Often we are interested in controlling for baseline characteristics of groups in settings such as this. In particular, in the context of educational experiments, it is typical to adjust for pre-treatment baseline test scores. Furthermore, we want to control for other baseline observables to adjust for the (relatively minor) imbalances between the treatment and control groups.
Given our interest in distributional estimates and in particular quantile treatment estimates (QTE), there is a natural way to control for observables in this context with experimental data. Firpo (2007) shows that with selection on observables, one can obtain efficient estimates of the unconditional quantile treatment effects by weighting with inverse propensity-score weights, obtained by predicting treatment status with the observables. We use this approach in our context. In particular, we estimate the propensity score p which is the predicted probability of being in the treatment group (D i = 1) as a function of baseline characteristics using a logit. We then weight each observation by its inverse propensity-score
In our logit model, we control for all of the child and caregiver variables in Table 2 .
Additionally, to richly control for baseline test scores, we assign 2002 PPVT deciles for each of the four assessment month groupings in Table 2 . We use the observations with imputed baseline values of PPVT but control for not having a baseline assessment in the propensity score. The children in this category are treated as having a separate assessment month (missing). We also include a full set of fixed effects for the Head Start center to which the child applied. Note that the fixed effects for the center of application help control for the fact that assignment occurred at the center level and also adjust for important potential geographic heterogeneity.
6
The results of the propensity score weighting model are available in request. Of the 39 dummies for assessment month group by decile of test score 7 only 2 are significant at the 5% level, and there is no consistent pattern in the sign of the coefficients among these baseline test score identifiers. Looking at the overlap of the propensity scores between the treatment and controls, they look quite similar with trivial non-overlap.
8
The final column of Table 2 presents the "adjusted" difference in means between the treatment and control. This is the difference in the weighted means, using our inverse propensity score weights. As expected, the treatment and control samples look quite balanced after adjusting for observable differences. Only 2 of 28 variables are statistically significantly different at the 5% level. In the remainder of the paper, we use the inverse propensity score weights in all of our results.
Mean Treatment Effects and the First Stage
As discussed above, an offer of treatment in the HSIS (an offer of a slot in an oversubscribed center) does not translate one-to-one into Head Start participation (either at the center of random assignment or at another Head Start center). Table 3 provides a summary of the most common child care settings children experienced at the end of the Head Start year, 6 Zanutto (2006) and Dolton & Smith (2011) discuss use of weights with propensity-score weighting estimation.
7 There are four assessment-month groups and 10 deciles for a total of 40 decile x assessment-month groups. With the constant term, we are left with 39 coefficients.
8 We also explored a number of alternative propensity-score adjustments, and our findings are robust to these.
separately for the treatment and control groups. As is evident in the table, the HSIS leads to a large change in child care settings. 82% of those in the treatment group are in Head Start in 2003 compared to only 15% in the control. The biggest change comes from those in parent or relative care-only 10% of children in the treatment group are in parent or relative care compared to over half in the control group.
However, it is also clear from Table 3 table 3 are quite useful for learning about the relevant counterfactual.
Table 3 also presents the child care setting in the second, Age-4 year. As discussed above, the HSIS treatment is a one year long treatment. As one might expect given this disadvantaged population as well as the aforementioned growing public options children aged 4, there is a significant amount of change in care arrangements between ages 3 and 4 for these children. Additionally, the differences in outcomes narrow between the treatment and control, "blunting" the treatment. At the end of the Age-4 year, 63% of the treatment group is in Head Start compared to almost half of the controls. Again, considering the first stage outcome to be use of any center-based care, then the treatment group value is only 3 percentage points larger than the corresponding control value by the end of the second year.
Before examining impacts of HS across the distribution of outcomes, we first present mean treatment effects on our main cognitive outcome, PPVT. Table 4 contains mean treatment effects and control group means using the baseline weights (in the left half of the table) and using our inverse propensity-score weights (in the right right of the table). For each testing period, we show results for two different outcome variables: Test scores and the probability that the test score is unavailable (unavailable or imputed at baseline, unavailable in the later assessments). Several of the test scores are imputed for the vast bulk missing them at baseline.
The table shows that the baseline average test score for PPVT for the 3-year olds was 231 with a standard deviation of 39 (both measures are calculated from the control group).
The table also shows that there are at most trivial differences, on average, in the baseline scores across the treatment and control groups, using either set of weights. This is, of course, important as it indicates balance in the randomization.
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As discussed earlier, in the context of Table 2 , the lower half of the table shows that without the use of inverse propensity-score weights, there are statistically significant differences in the share of observations with missing (imputed or simply not administered) baseline PPVT scores. However, after inverse propensity-score weights are applied, the probability of the test score being missing (imputed or not administered) is balanced (the difference in the probability of it being missing is 0.03 after adjustment). In fact, our inverse propensity-score These mean effects suggest little if any effects of the program after the first year. However, there are developmental theories which suggest that these non-effects could reflect offsetting positive and negative effects for different groups. To explore this, we move to our main results on the effects of Head Start on the distribution of outcomes.
Empirical approach
It is useful to begin with the usual potential outcomes model notation (e.g., Rubin (1974); Holland (1986) ) for estimation of the effects of a treatment. Each individual i has two potential outcomes, Y 1i and Y 0i (for our purposes, a test score or index of student behavior.
Person i has outcome Y 1i if assigned to the treatment group and outcome Y 0i if assigned to the control group. D(i) denotes the group that i is assigned to in a randomized experiment (D(i) = 1 if in the treatment group and D(i) = 0 if in the control group). The treatment effect on person i is then δ i = Y 1i − Y 0i . The fundamental evaluation problem is that we do not observe the treatment effect-that is only one potential outcome is observed for person i.
With randomization of treatment, however, we can identify the average treatment effect using the difference in means between the treatment and control group,
This is, of course, what we presented above. The quantile treatment effect (QTE) is simply the distributional analog of the average treatment effect.
To define the quantile treatment effect, first let F (y) be the cumulative distribution function (CDF) of Y . The qth quantile of the distribution F (y) is defined as the smallest value y q such that F (y q ) is at least as large as q (e.g., y 0.5 is the median). Further, let In general, the joint distribution of (Y 0i , Y 1i ) is not identified without further assumptions. However, as with the average treatment effect, randomization of treatment implies identification of the marginal quantiles y qd , and thus identification of the differences in their quantiles, y q = y q1 − y q0 . In an experimental setting such as the HSIS, the QTE is the estimator of this difference in the quantiles of the two marginal distributions. For example, given random assignment, one can consistently estimate the QTE at the median (0.50 quantile) simply by subtracting the control group's sample median from the treatment group's sample median.
10 The only adjustment we make to this simple setup is to use the inverse propensity score weights to account for observables, as discussed above.
Inference
The HSIS data are not random samples of children across centers, but rather sampled in a complicated fashion. For inference, we are using bootstrapping, with centers being randomly sampled with replacement (with all children from sampled centers appearing in the data whenever a center is sample). We construct confidence intervals using the percentile method.
With 999 bootstrap resamples, a 95% confidence interval is given by sorting the resulting bootstrap quantile treatment effect estimates for a given quantile q in increasing magnitude, and selecting the 50th and 950th bootstrap estimates. These point-wise confidence intervals are plotted along with the real data QTE in our figures. Within each bootstrap replicate, the propensity score is re-estimated on the bootstrap sample.
6 Main Results for the Heterogeneous Effects of HSIS
Here we present our main results for examining the heterogeneous impacts of an offer of Head Start. We begin by focusing on the Head Start year and move on to examine the impacts through Grade 1. We offer two sets of evidence-quantile treatment effects and mean impacts by subgroup.
QTE Results for the Head Start year, full sample
We begin by analyzing PPVT scores for the full 3-year old sample. As outlined above, the QTE are the simple difference in the quantiles of the treated and control groups (where the quantiles are calculated using the inverse propensity score weights). We plot the QTE for each centile between 1 and 99 along with the point-wise 90% bootstrapped confidence intervals.
Before examining the QTE for the Head Start year and beyond, we provide an additional balance test. In particular, in Figure 1 , we reported the QTE for the PPVT at baseline.
11 We plan to later produce uniform confidence intervals.
Notably, the confidence intervals almost all included 0; thus, the weighting has ensured balance across the two groups in the baseline test distribution. (In results not shown, there is only modest imbalance in the baseline QTE before controlling for observables using the inverse propensity score weights.)
Moving on, Figure 2 Table 4 ). First, note that the offer of a HS slot improves cognitive skills throughout the distribution. Second, the gains associated with treatment are largest at the bottom of the test score distribution. The estimates at lower end of the skill distribution are very large, ranging from 34 for quantiles 1-3, to 17 for quantile 13, and to 3 at quantile 43 (which is the last QTE which is statistically significantly different from zero at the 10% level). These effects are also notably substantial relative to the control group standard deviation (38, see Table 4 ).
The QTE capture the impact of the treatment on the distribution of outcomes. For example, Figure 2 measures the impact of being offered Head Start on, for example, the median, 25th percentile, and 75th percentile of the PPVT test score distribution. One limitation of the QTE estimator is that QTE at quantile q need not equal the treatment effect for an individual located at quantile q of the control group. While our hypotheses are about effects for individuals of various cognitive abilities, our QTE results will represent effects on the whole distribution. Only with further assumptions, which are perhaps undesirable, can we conclude that the QTE is the treatment effect for a particular individual.
12
An alternative to the QTE is to use the baseline score to more explicitly "model" the heterogeneity in treatment effects across the distribution of baseline skills. In particular, in 
Results for Subgroups in the Head Start Year
Another dimension of heterogeneity is to examine differences across subgroups of the HSIS population. In particular, here we present results by race, language, and and terciles of the baseline PPVT. In Table 5 , we present mean treatment effects for these subgroups for PPVT in the Head Start year (along with the control group means). This table shows dramatic differences across groups, with larger mean treatment effects for Hispanics (11.5 or 0.29 standard deviations), Spanish speakers (15.0 or 0.47 standard deviations) and those in the bottom tercile of the baseline test score (11.2 or 0.33 standard deviations). These are very large effects.
One possible explanation for the differences in treatment effects across groups is either a difference in the probability of Head Start take-up, or a difference in the counterfactual child care settings across groups. Table 6 , however, shows that there are relatively small differences across the groups in the "first stage" of Head Start take-up, or in the probability of the child being in an other center or home based care (typically with parents or relatives).
We can explore the differences across subgroups by estimating QTE separately for each subgroup (these are referred to as "conditional QTEs" in the literature as they are conditioned on being in the subgroup). The results for language subgroups are presented in Figure   6A . (To make for easier viewing, we drop the confidence intervals and the mean treatment effect from these graphs.) The results are dramatic-while both Spanish and English speakers have the largest gains at the bottom of the PPVT distribution (as in the full sample), the QTEs for Spanish speakers are very large (above 10, which is a third of a standard deviation) and extend through the 60th percentile.
While these conditional QTEs are useful, making comparisons across the two groups is complicated by the fact that it is not an "all held constant" situation. In particular, a much larger share of the Spanish-speaking students have PPVT scores in the lower end of the test score distribution. Given that these conditional QTE plot each line on a common percentile scale (subgroup-specific percentiles), making conclusions by looking across the subgroup QTE at specific percentiles is problematic. We address this by performing a simple translation to put each subgroup's QTE on the same absolute scale (the scale we use here are the percentiles of the full sample of the control group). These "translated" QTE are presented in Figure   6B . This shows that the subgroups' QTE are put on the same absolute scale, the differences between groups become attenuated but are still notable. We see similarly-sized, very large gains throughout the bottom decile of PPVT scores for both groups; yet we see larger effects of the treatment on Spanish speakers (compared to English speakers) throughout the rest of the distribution. Taking these results as a whole, the effects of a HS offer on cognitive outcomes in the Head Start year reveal compelling evidence of heterogeneity. Based on the analysis across the distribution as well as across demographic groups, we find evidence in favor of the "compensatory" theory. That is, we find larger gains in the lower end of the skill distribution.
To complement this work, we also explored differences across characteristics of the center of random assignment. We found larger effects for centers whose directors cited having a significant amounts of competition from other preschool centers in their area. We also explored, but found little difference in treatment effects, based on variation across the centers of random assignment in teacher credentials, curriculum, staffing, and ratings from direct classroom observation (Arnett and ECERS-R score).
13 Essentially what this is doing is stretching the conditional distribution in some places and and shrinking it in others in order to put them both on the same scale. We use the PPVT score of the control group (for the full sample) at each percentile of the full sample as the anchor. We take QTE at each percentile of each subgroup, and find the location of that percentile value of each subgroup's control group in the overall control group distribution. For example, if subgroup A's median were the 25th percentile in the overall control group, the median QTE for subgroup A would be relocated at the overall control group's 25th percentile. To give some guidance on the amount of stretching this produces, in the translated graphs, there is a symbol at each 10th percentile of the subgroup's own distribution. Thus, one can see that in the lower half of the (overall) PPVT distribution the symbols for deciles for the Spanish speakers are more compressed while in the upper half the opposite is true.
Results for beyond the Head Start year
Having established the results for the Head Start year, we now move on to examine impacts through grade 1. Returning to the PPVT, Figure 8A Given the large gains experienced by some demographic subgroups in the Head Start Year, it is natural to return to those groups to look at effects on this longer-term outcome. Figure 10A presents the translated QTE for Spanish versus English speakers for the first grade year. Here we see encouraging evidence of persistent gains for Spanish speakers, throughout the bottom half of the (overall) distribution. These gains, at 8-10 points, are substantial, measuring 0.2 to 0.25 standard deviations. Additionally, Table 10B presents the translated QTE for the three terciles of baseline scores, for Grade 1. These results suggest lasting gains for those in the lowest tercile of baseline scores.
Discussion
Our analysis of the cognitive effects of the Head Start Impact Study show that the offer of a Head Start slot led to significant gains in the preschool years. Additionally, these gains are largest at the bottom of the cognitive skills distribution. Further, these gains are larger for Spanish speakers as well as those who at baseline are scoring in the bottom tercile of the PPVT distribution.
Given the broad discussion of "compensatory" versus "skills-beget-skills" theories of edu-cation, our work provides new and compelling evidence in favor of the compensatory theory.
In particular, those with low baseline scores, and those with limited English, gain the most from the intervention. Our analysis shows that these differences can not be explained by differences in take-up of the program.
The results also show that once the children enter elementary school these gains diminish substantially, for the population as a whole. However, if we focus on those with the greatest deficits entering preschool, we find persistent effects through Grade 1. For example, we showed this for Spanish speakers as well as for those in the lowest tercile of baseline scores.
What can we conclude from these results? First, the gains in preschool may not persist if the elementary schooling environment is not of high quality. We are limited in what we can say about this given that we do not observe much about the schools the study participants attend. Second, the Head Start teachers may be teaching to some proficiency standards (e.g., knowing the ABCs, counting to 10) and the quality of the settings are insufficient to achieve gains beyond that point. As described in Cascio & Schanzenbach (Forthcoming) , Head Start programs score a 5 (on a 10 point scale) in the NIEER scale, compared to higher scores for many state-funded preschool programs. In these settings there may not be the capacity for dynamic complementarities (Cunha & Heckman (2010) ). Second, many have argued that preschool (or other investments during this crucial period) may lead to improvements in non-cognitive outcomes and these may facilitate gains in elementary school and beyond. This is testable in the HSIS. The data contain a host of noncognitive or socio-emotional measures; here we focus on the Pianta scales of student-teacher and child-parent relations and the Adjustment Scales for Preschool Intervention (a measure of emotional and behavioral adjustment to preschool). (Recall we only have the teacher re-ports for everyone when they are all in school, thus our reliance on parent reports in the Head Start year.) In Table 7 , we present mean treatment effects for these socio-emotional outcomes. The table presents Finally, Cunha & Heckman (2010) talk about early childhood being both a sensitive and critical period for child development. Duncan et al. (2007) argue that early cognitive scores are predictive of later cognitive scores. Similarly, Magnuson, Ruhm & Waldfogel (2007) provide evidence of what they call "sleeper" effects of preschool on cognitive outcomes.
While we can not test these ideas in the HSIS, we explore these issues in Deming's (2009) NLSY sample. In particular, we take Deming's sample and outcomes in young adulthood, but do not restrict ourselves to the siblings he studies. Using this observational data, we regress these outcomes on cognitive test scores measured during the preschool years (labeled PPVT 3-5) as well as on another cognitive test score taken during middle elementary school (labeled PIAT 9-11).
14 We restrict the sample to individuals in the top quartile of predicted Head Start attendance (to mimic our experimental sample). 15 We are essentially looking to see if PPVT during preschool provides predictive power for later outcomes in the presence of a measure of cognitive score at ages 9-11. We find some predictive power of preschool cognitive skills in the expected directions-higher scores mean better outcomes-but only two of these effects (those on repeating a grade, being idle) reach statistical significance. The magnitude of the coefficients on these early PPVT scores, compared to those on the later cognitive measures, are nonetheless suggestive of a role for early cognitive skills in young adult outcomes.
Conclusion
In this study, we provide a comprehensive evaluation of the first national randomized experiment of Head Start. We focus on the 3-year old cohort and examine impacts on cognitive and non-cognitive outcome in the Head Start year and through Grade 1. We find that the offer of a Head Start slot leads to large and statistically significant gains in cognitive skills in the preschool period. However, once the children enter school, the overall cognitive gains fade out. Importantly, we find that some groups including Spanish speakers as well as those entering preschool with low baseline scores, have cognitive gains that start out being large during the Head Start year and persist through 1st grade. We find little effect of the experiment on non-cognitive outcomes.
These results still provide an incomplete picture of the potential benefits of Head Start.
Prior work finds that despite a fadeout in effects on cognitive outcomes, there are positive effects on the long term on labor market and human capital outcomes (Deming, 2009) .
Future work will hopefully follow these participants into adulthood. Table reports means for baseline characteristics for the 3-year old cohort control group. Column 2 provides the unadjusted difference in means, using the baseline weights. Column 3 provides the adjusted difference in means, using the propensity score weights. *, **, and *** denote significant at the 10, 5, and 1 percent levels.
Control mean
Unadjusted Table reports control group means and mean treatment effects for the 3-year old cohort in the HSIS. The first set of columns uses the baseline weight and the second set of columns uses the propensity score weights. Panel A reports the mean treatment effects on PPVT scores and Panel B reports the prevalence of a score not having been administered (missing) or being imputed (baseline only). *, **, and *** denote significant at the 10, 5, and 1 percent levels. Table reports control group means and mean treatment effects for the 3-year old cohort in the HSIS for different demographic subgroups. All calculations use the inverse propensity score weights. *, **, and *** denote significant at the 10, 5, and 1 percent levels. Table reports mean treatment effects for socio-emotional outcomes. Teacher reports are not available for all children until Kindergarten. All outcomes are standardized by subtracting off the control mean and dividing the result by the control standard deviation. Therefore all treatment effects are in standard deviation units. The "combined measures" are equally weighted averages of individual submeasures, also in standard deviation units. Sample includes the 3-year old cohort in the HSIS. All calculations use the inverse propensity score weights. *, **, and *** denote significant at the 10, 5, and 1 percent levels. Notes: QTE using 3-year old cohort of HSIS and inverse propensity score weights. Both figures are "translated" QTE; each subgroup is graphed on the same absolute scale (x axis), the full sample's control group percentiles. 90% confidence intervals obtained by bootstrapping Head Start center.
